Abstract. Our focus is on the Golub et al. ALL AML oligo-nucleotide array data set 2 with regard to the question of detecting di erentially expressed genes between pairs of sample types. We use this data set to analyze methods of predicting di erential expression between ALL T-cells versus ALL B-cells. To this end, we employ recently developed non-parametric methods for attaching statistical measures of con dence to such predictions, in the context of multiple testing. In particular, we apply the method of using t-statistics, with p-values calculated through permutations, and with the Westfall and Young step-down approach to correct for multiple testing, developed by Dudoit et al. 1 . We also use PaGE 4 , developed at CBIL, for assigning con dence to predictions by calculating falsepositive rates directly from empirical gene-independent" distributions. We compare the performance of these methods on the Golub et al. data, as well as analyze the e ect of the number of replicates o n a v ariety of issues relating to the prediction of di erential expression. In addition, we i n vestigate the shape of the scatter plots and conclude that shifted intensities are more reasonable for data such as the Golub et al. data set, when an approach based on ratios is used. We also investigate the usage of absent calls" in oligo-nucleotide array data.
Introduction
In Golub et al. 2 , A ymetrix data 3 have been generated for leukemic myeloid and lymphoblastic cells. The data contain a relatively large number of experiments of several cell types. In particular the data contain many biological replicates; that is, the samples were taken from di erent individuals. The data also represent a heterogeneous collection of cell types. As such, this data set presents an opportunity to study the e ect of the number of biological replicates on the results obtained by current methods aimed at giving the least conservative measures of signi cance for predictions of di erential expression.
Much of the classical theory depends on assumptions about the forms of the distributions of the gene intensities. In particular, standard techniques, such as the two-sample t-test, depend on these distributions being normal. As the Golub et al. data give us many replicates, we examined the distributions and found that many o f them are not normal. Some are apparently uniform, others bimodal, or even trimodal. Moreover, the inclusion of absent calls introduces further irregularity i n to the distributions. Thus the use of non-parametric methods is necessitated. By non-parametric methods we mean those that make minimal assumptions about the form of the distributions involved. In highly parallel gene expression data, the challenge of having irregular distributions is compounded by issues of multiple testing. Non-parametric approaches for the problem of using replicates to assign con dence measures to the prediction of di erential expression, in the context of multiple testing, have been recently proposed using standard and non-standard techniques 1 , 4 . These methods take as input replicate experiments for each o f t wo or more sample types. False negatives can be brought down by increasing the number of replicates. We use the Golub et al. data to investigate this e ect. We also address a complementary issue. One might hope be able to maintain a low false-positive rate when using only a few replicates. However, it is key for any method used to make the predictions, that the data represent su ciently the variability of the sample types. Variability is generally of two t ypes: experimental, and biological. With a general de nition of sample type, such a s Acute Lymphoblastic Leukemia" ALL or Acute Myeloid Leukemia" AML, biological variability will be an overwhelming factor. AML cells, for example, can be divided into many subcategories, such a s M 1 , M2, etc., male female, peripheral blood bone marrow, etc. ALL cells can be either T-cells or B-cells, and each of these divides into respective subcategories. It is also expected, since they are cancerous cells, that they will fall into unknown subcategories of tumor types, perhaps related to the success failure response to treatment. If the sample type is represented by a few experiments only, then the probability of them falling into one or more subcategories becomes almost a certainty. The Golub et al. data give u s a c hance to see the e ect of this biological subclassing on predictions of di erential expression, as a function of the number of replicates. Instead of focussing on the ALL and AML classi cation, we controlled for the heterogeneity of the sample type as much as possible by focussing on the B-cell and the T-cell experiments within the ALL group. This gives us two reasonably homogeneous sample types, for which w e h a ve many replicates.
Types of di erential expression
Given sample types A and B, typically most genes will not be di erentially expressed between them. No gene however is expressed at exactly the same level in a given sample type every time it is measured. Instead each gene will have a distribution of intensities, with respect to replicates of the sample type. A sample type can be general, such as hematopoietic cells," or speci c, such as B-cell lymphoblasts at a particular stage of development, under particular conditions." The distributions will depend heavily on this de nition of sample type.
Between any t wo sample types, some percentage of the di erentially expressed genes will be di erentially expressed in a deterministic" manner, meaning that the distributions of the intensities of any such gene in the two sample types do not overlap. Other genes will be di erentially expressed in a nondeterministic manner, meaning that the two distributions do overlap to some degree, though they still have di erent means. A perfectly deterministically di erentially expressed gene will never be incorrectly predicted, regardless of the number of replicates per sample type. Figure 1 shows an example of a gene that appears to be nearly deterministically di erentially expressed between ALL B-cells and ALL T-cells. This is the exception, however. Between ALL B-cells and ALL T-cells, almost all genes which are di erentially expressed appear to be non-deterministic. Figure 2 shows a gene which is non-deterministically di erentially expressed.
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Figure 1: GenBank Accession: U23852, T-lymphocyte speci c protein tyrosine kinase. Data points are taken from the Golub et al. data set. The top plot is of the expression in the 37 ALL B-cells used, 21 of which w ere absent calls, indicated on the left. The lower plot is of the expression of the same tag in the 9 ALL T-cells, with one absent call. Graphs are in ln scale.
Absent calls: When performing statistical analyses of oligo-nucleotide data, one must decide how to handle the absent calls. Absent calls present a complication, in that if we set them to a minimal value, then they tend to create highly bimodal distributions, such as in Figure 3 , where the 29" indicates that there are 29 absent calls, which were set to the minimal intensity 2:99 on this graph, which is in ln scale. The decision to include absent calls was based on a comparison of expected results when we both do and do not include them. In the T-CELL ANTIGEN CD7 PRECURSOR ID:M37271 see Figure  3 , there is negligible di erence in the means of the intensities of the present calls between the B-cells and the T-cells. When absent calls are included, however, the means separate clearly 4:04 versus 8:03. Among the B-cell experiments, there are roughly 80 absent calls for this gene, whereas among the T-cell experiments there are roughly 10. Therefore it is only the absent calls that are di erentiating this gene between B-and T-cells. This phenomena was consistent across most T-cell speci c genes in the data set. Based on this, absent calls were included for all experiments that had at least one non-absent call intensity, b y setting them to the minimum value of 20. Genes that had absent calls in all experiments, for both cell types, were eliminated from further analysis, leaving approximately 5000 genes.
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Figure 2: GenBank Accession: M23323 T-CELL SURFACE GLYCOPROTEIN CD3 EPSILON CHAIN PRECURSOR. Data points are taken from the Golub et al. data set. Notation is as in Figure 1 . Gene displays non-deterministic di erential expression.
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Figure 3: GenBank Accession: D00749, T-CELL ANTIGEN CD7 PRECURSOR. Data points are taken from the Golub et al. data set. Notation is as in Figure 1 . The twenty-nine 2:99 intensities are absent calls, set to the minimum intensity ln20 = 2:99. The mean of the ALL B-cell distribution with the absent calls included is 4:04. The distribution for the same gene, over the nine ALL T-cell experiments, has one absent call and mean 8:03.
A consequence of the inclusion of absent calls is that it dramatically increases the non-deterministic nature of the di erential expression, as a high percentage of genes were absent in one or more experiments. As a result, some genes which gain inordinately large variance may not be detected after the inclusion of absent calls. We compared predictions with and without absent calls. With PaGE 4 , one T-cell speci c gene see Figure 4 was picked up when absent calls were not included that was not picked up when they were included. In this case, the absent calls did not su ciently separate the means to overcome the large variance present in the expression of this gene. On the other hand, ve known di erentially expressed genes were detected when absent calls were included, that were not seen without absent calls, including the one in Figure 3 .
Some T-cell genes were not detectable by any methods we used. Figure 5 shows such a gene. In this case the di erential expression is too subtle to detect, given that approximately 5000 simultaneous tests are performed. If this were the only gene under investigation, then the available replicates might b e su cient to detect it, however, when looking at thousands of genes simultaneously, this kind of separation is likely to occur just by c hance for some genes that are not di erentially expressed.
The less speci c is the de nition of the sample type, the more biological variability we expect to nd for more genes. Correspondingly, the less speci c is the de nition of the sample type, the greater percentage of the di erentially expressed genes will be of the non-deterministic type. These issues should be considered when designing array experiments to search for di erentially expressed genes. The more non-deterministic is the gene expression, the more replicates will be necessary to make accurate predictions. 
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Figure 4: GenBank Accession: M30894, TCRG T cell receptor gamma chain. Data points are taken from the Golub et al. data set. Notation is as in Figure 1 .
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6.81 7.72 3 PaGE approach to controlling the false-positive rate
Method 4 is part of a larger software package developed at CBIL for analyzing gene expression data. The package is called PaGE Patterns from Gene Expression, and one of its features is that it reports estimated con dence measures on predictions of di erential expression. When trying to nd a small set of di erentially expressed genes from a large pool, a seemingly reasonable false-positive rate, say :05, can lead to a set of predictions with a high proportion of false positives among them. For example, if 50 out of 1000 genes are di erentially expressed, a false-positive rate of :05 will give 950:05 = 47:5 false positives, on average. Therefore at best there will be only 52:5 con dence in any given prediction, and that will only be achieved only if the false-negative rate is zero.
For each gene g, let X g;A and X g;B be the random variables giving the intensities of gene g when measured in a sample of types A and B, respectively. Let X g;A respectively X g;B be the average of n A respectively n B random variables each h a ving the distribution of X g;A respectively X g;B . For a given gene g, when we s a y that it is up-regulated at group B as compared to group A if g;B g;A 1; where g;A respectively g;B denotes the unknown true mean of X g;A respectively X g;B . A brief summary of the PaGE approach follows.
Let s be the desired false-positive rate. We want to determine C the upper cut-ratio" such that, if we s a y that a gene g is up-regulated at group B as compared to group A when x g;B x g;A C ; then our false-positive rate is expected to be no greater than s, where x g;A respectively x g;B are observed values of X g;A respectively X g;B .
By false-positive rate we mean the probability that, if a gene is chosen at random from the set of genes which are true-negatives, then the ratio of its sample means between the two groups, Xg;B Xg;A , is greater than C. Since the set of genes which are true-negatives is the set of genes for which g;B = g;A 1, this probability is bounded above b y the probability that, if a gene is chosen at random from the set of genes which are true-negatives, then
Xg;B g;B Xg;A g;A C :
1
Since only a small percentage of genes are expected to be true-positives, we approximate this probability b y the unconditional probability that 1 holds. We use 2 to approximate the distribution of Xg;B=g;B Xg;A=g;A , with the empirical distribution from the data. The random quantities in this expression are g, X g;A , and X g;B . This allows us to use 1 calculate a C which gives us the desired false-positive rate, by numerical integration of this empirical distribution.
Approximating 2 with empirical distributions from the data, C is solved for in 1 by n umerical integration. Finally, the con dence in the predictions is related to the false-positive rate via Bayes Theorem.
For down-regulation, we proceed in a similar fashion to determine c the lower cut-ratio" such that, if we s a y that a gene g is down-regulated at group B as compared to group A when x g;B x g;A c ; then our false-positive rate is expected to be no greater than s 4 The t-statistic step-down approach
The other method we employ has been developed by Dudoit et al. 1 . This uses t-statistics, with p-values calculated through permutations, and with the Westfall and Young 6 step-down approach to correct for multiple testing. We used the one-sided version of the method, to test speci cally for up-regulation in ALL T-cells versus ALL B-cells software to implement this can be downloaded at http: www.cbil.upenn.edu tpWY. In estimating the null hypothesis distribution for the t-statistic, they permute entire experiments columns, so as to preserve the dependencies between the genes. This method achieves a chosen experiment-wise Type I error. This means that if the desired Type I error is set at :05, then there is a 95 chance of no false positives. This is in contrast to PaGE, which a c hieves a desired con dence in the set of predictions. So that if PaGE reports a con dence of 95, then 95 of the predictions should be true positives. This approach is appropriate to gene expression analysis, since one is generally willing to tolerate 5 false predictions, rather than to assure no false positives, at the cost of dramatically raising the false-negative rate.
Replicate study results
We rst used the analyses of 1 to nd genes which are up-regulated in ALL T-cells versus ALL B-cells. We used 37 B-cell experiments y and the nine T-cell experiments from the Golub et al. data set. For various values of n we conducted the analysis 100 times, each time choosing a random sampling of n of the B-cell experiments, and testing them against all nine of the T-cell experiments. This was done so as to control for the e ect of variation from all but one source, that being the number of B-cell experiments. In practice, variability will come from both sources, so that the true number of replicates needed to obtain reliable predictions may b e e v en greater than our results indicate. The fraction of times a gene was predicted as up-regulated among the 100 experiments was recorded. A portion of the results is given in Table 1. The full table has 106 rows. 36,9 25,9 20,9 15,9 10,9 9,9 8,9 7,9 6,9 5,9 4,9 gene information Table 1 : Column labeled n; 9 gives the fraction of times the gene was predicted by the methods of 1 as up-regulated in ALL T-cells versus ALL B-cells, out of 100 comparisons between n randomly chosen B-cells and all 9 T-cell experiments, from the Golub et al. data set. Intensities were preprocessed by taking natural logs. The experiment-wise Type I error was taken to be 0:1.
A similar table has been generated using PaGE. A portion of the results is given in Table 2 . The complete table contains 81 rows.
It is apparent from these tables that there are not many genes which will be predictably di erentially expressed without many replicates. Notice that even the gene shown in Figure 1 is not reliably detected using the step-down approach, regardless of the number of replicates. This is because with this many replicates the di erential expression is not strong enough to have been statistically signi cant every time, in the context of the other approximately 5000 genes being analyzed simultaneously. This gene was, however, picked up by virtually all PaGE runs with more than two B-cell replicates. Given that Table 2 : Column labeled n; 9 gives the fraction of times the gene was predicted by P aGE as up-regulated in ALL T-cells versus ALL B-cells, out of 100 comparisons between n randomly chosen B-cells and all 9
T-cell experiments, from the Golub et al. data set. Con dence was set at 90, and a shift of 5000 was used see section 6. the majority of di erentially expressed genes are not deterministically di erentially expressed, the table shows how the dependability of the results drops dramatically as the number of replicates is reduced.
It is interesting to compare the results of the two tables. Of the genes that were picked up reliably with many replicates the top 8 in Table 1 , and the top 23 in Table 2 , only two are in both tables, the T-CELL ANTIGEN CD7 PRECURSOR" and the TCF7 Transcription factor 7 T-cell speci c." Based on this, it is recommended to use both methods, and to combine the results. For the two genes that do appear on both tables, the T-cell antigen is consistently predicted by P aGE with 4 replicates, whereas with the step-down method nearly 25 replicates were necessary. For the TCF7 Transcription factor, PaGE consistently predicted it with 5 replicates, whereas 15 were required for the step-down method.
We take the genes with 1's in the rst column 36,9 to be our most reliable predictions. At the bottom half of Table 2 we see that many genes which h a ve 0's in the rst column are predicted as di erentially expressed fairly often with fewer replicates. This is due to what we call biological subclassing." When the cell type is heterogeneous, such as ALL B-cells," there are many subclasses that the cell type can be classi ed into, so that if we c hoose only a small number of experiments to represent the class, we are likely to have o ver-represented some subclasses. We i n vestigate this issue further below, where we gauge the number of replicates necessary to overcome this problem. First, however, it is necessary to investigate the nature of the data at a more fundamental level.
6 Shifts PaGE predictions of di erential expression are based on ratios of mean intensities, as opposed to basing them on di erences. The use of ratios allows for the convenient introduction of a shift" parameter. In particular, we investigate the e ect of measuring di erential expression by the ratio of the shifted intensities x 2 + s=x 1 + s, where x 1 and x 2 are the respective i n tensities in two di erent sample types.
Varying the shift allows for di erent regions of the data to be emphasized. No shift corresponds to a region between the lines through the origin, as seen in the graph on the left in Figure 6 . This corresponds to a criteria such as taking a xed cuto , say 2-fold, and predicting anything over 2-fold or under 1 2 -fold to be di erentially expressed. Such a uniform criteria would be justi ed if the data looked, for example, like that in scatter plot on the left in Figure 7 , where the spread is proportional to the magnitude of expression. A graph of the actual ALL B-cell vs. ALL T-cell data is given in the graph on the right i n Figure 7 . As can be seen from this graph, spread of the data is much greater at the low i n tensities. This is caused largely by the inclusion of the absent calls. It is therefore clear that a shift is necessary. The shift concept has been used in other methods, e.g. 5 . PaGE results were generated by v arying the shift, comparing the 9 T-cell to the 37 B-cell experiments used. The results are shown in Table 3 . The set of predictions varies as the shift varies, as can also be seen from the graph in Figure 8 .
------------------------------------------------------------------------------------
Some genes are predicted as up-regulated in T-cells, regardless of shift, whereas others are predicted for only a range of shifts. PaGE relies on the estimation 2, which can become inaccurate as the shift reduces to zero. Empirical tests of this approximation using the Golub et al. data show that a shift of 1000 achieves the best conservative approximation for comparing 37 to 9 experiments having the type of variation present in these data. z Even if this PaGE approximation were perfect, a moderate shift would be preferred. This can be seen on the graph in Figure 8 . With little or no shift, a very large slope must be used to avoid the false positives at the low i n tensities. The result is that true positives are missed in every intensity range except the lowest. Likewise, a shift that is too large might tend to pick u p false positives from the higher intensity genes. A review of the literature on the 19 genes that were predicted up-regulated in T-cells, using the shift value of 1000, showed no clear false positives, with most being known to be up-regulated. This gives some empirical veri cation of the con dence measures in PaGE. On the other hand, of the 10 genes that were predicted to be upregulated with a shift of 200, but were not predicted with higher shifts, there were only four true positives, and ve apparent false negatives, with one being unclear. Thus for such a l o w shift, the con dence appears to have been reduced to around . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7 The e ect of biological subclassing
We use the term biological subclassing" to refer to the fact that if the sample types under question are not su ciently homogeneous, then using a relatively small number of replicates gives a high probability that one or more biological subclasses are over-represented by the experiments. If this happens, the answers obtained might not be answers to the questions being asked. For example, suppose one is looking for genes that are di erentially expressed between B-cells and T-cells, using 10 replicates of each type. Consider a gene that is not di erentially expressed between B-cells and T-cells, but nonetheless is di erentially expressed in di ering stages of cell cycle or development. Since there are many genes on the chip, it is not unlikely that the majority of the B-cell experiments are in one state, and the majority of the T-cell experiments in another state. In this case, we m a y falsely predict the genes that are di erentially expressed between these two states to be di erentially expressed between B-cells and T-cells. The statistical methods are correctly predicting di erential expression, however between di erent sample types than expected, which can lead to false conclusions.
To measure the e ect of biological subclassing when using the prediction methods of 1 and 4 on data of a similar nature to that of the Golub et al. data, we generated virtual data, based on their ALL B-cell data. To h a ve data that are as variable as theirs, we used the B-cell empirical distributions themselves to generate the virtual data. We sampled randomly 1000 times with replacement from the gene tags on the chip. For each of these 1000 gene tags, we sampled from the empirical B-cell distribution of that gene 200 times. This created 200 virtual replicates of 1000-gene experiments, containing comparable noise to the actual Golub et al. data. The 1000 genes were sampled independently from each other, so that we h a ve created data with 1000 independent genes. We repeated this making 200 virtual experiments with 3000 independent genes. Certainly the approximately 7000 genes on the A ymetrix chip are not expressed Table 4 : Fraction of times, out of 100 runs, that any predictions of up-regulation were made, comparing a virtual sample to itself, for varying numbers of replicates. All such predictions represent false-positives.
independently in B-cells, however it seems reasonable that there might be 1000 to 3000 independent genes. For each data set, we compared random selections of 5, 10, 20, 30, 40, and 50 experiments against each other. Since all experiments were generated from the same distributions, any predictions of up-regulation are false-positives.
The results are given in Table 4 . The e ect of biological subclassing is clear when only 5 or 10 replicates are used. After 20 replicates, biological subclassing e ectively disappears, and the percentage of false-positives levels o . This percentage of false-positives is not expected to converge to zero, because the PaGE con dence measure is not 100 it was 90 in this case.
A similar test was conducted with the step-down method. This method was not susceptible to the biological subclassing problem. This is most likely due to the fact that with only 5 replicates, the stepdown method, which relies on permutations, makes highly conservative predictions. There are not enough experiments to permute very many times. As this problem diminishes, after roughly 10 replicates, the e ect of biological subclassing has already diminished. It is interesting to note that in the experiments, the step-down method made false-positive predictions roughly 5-8 of the time, with an experiment-wise Type I error of 0:1. This gives some empirical veri cation that this reported Type I error is close to correct, and to the extent that they are o , they are conservative.
Conclusions
We h a ve used the Golub et al. data to investigate the issue of the impact of variability when di erential expression predictions are obtained from a low number of replicates for each sample type. When the desired con dence measures relate to very homogeneous classes of cells, then as few as two or three replicates might su ce. However, often heterogeneous sample types are compared, such as all lymphoblasts" versus all myeloid cells," to nd any discernable di erential expression. With such heterogeneous populations, deterministic di erential expression will be the exception. This study shows that the e ect is greater than might be expected. It is necessary to perform further studies characterizing this e ect, as many i n vestigators are currently designing array based analyses of their speci c systems of interest, and one of the most basic decisions they have to make i s h o w many and what type of replicate experiments to perform. It is not a simple issue, and to address it, it is necessary to have case studies with results that are veri ed by a large number of replicates. We h a ve used the Golub et al. data for this purpose.
We h a ve also used the data to investigate the performance of two currently existing tools for making predictions of di erential expression. At issue is whether to use an experiment-wise Type I error, or a con dence measure. The results show that the con dence measure approach allows for greater sensitivity, with the trade-o being the introduction of a small percent of false positives. Each technique predicted some genes that the other technique did not. Therefore it is advisable to use both methods and combine the results.
We expect these results to generalize to other cell types and other platforms. We are in the process of applying a similar analysis two-channel microarray data.
